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bias was within ±2%. For the CD16++CD56+ subset, the 95% CI 
of the mean bias was within ±5%. For the percent positive of 
CD4+, CD19+, and CD16++CD56+ relative to total lymphocytes, 
the 95% CI of the mean bias was within absolute ±0.2%. For the 
percent positive of CD8+ and CD3+ relative to total lymphocytes, 
the 95% CI of the mean bias was within relative ±1.4%. 
 
Conclusion: This study demonstrates that the bias of cell absolute 
count and percentage is very small when measured within the BD 
FACSCanto instrument platform. This is significant for clinical 
labs that quantitatively analyze cellular samples on different 
instruments in the FACSCanto platform. The BD FACSCanto 4-3-3 
enables accurate clinical assay results as well as design flexibility 
with the potential of performing multicolor biological assays. 
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Ex Vivo Immunophenotyping of Adoptively 
Transferred T Cells Using the SP6800 Spectral 
Analyzer 
Laïla-Aïcha Hanafi1, Andrew Berger1, Barbara Pender1, 
Abir Bhattacharyya1, Katherine Melville1, Tanya M. 
Budiarto1, Emily Robinson1, Brian Raden1, Gregory 
Veltri2, Stanley R. Riddell1, David G. Maloney1, 
Cameron J. Turtle1 
1Clinical Research Division, Fred Hutchinson Cancer 
Research Center, Seattle, WA, United States, 2Sony 
Biotechnology, San Jose, CA, United States 
 Background: Genetic modification of T cells to express a CD19-
specific chimeric antigen receptor (CAR) enables redirection of T 
cell specificity to CD19 expressed on B cell malignancies. We are 
conducting a phase I/II clinical trial to treat patients with CD19+ B 
cell malignancies with autologous CD19-specific CAR-modified T 
cells (CAR-T cells). Data obtained from ex vivo 
immunophenotyping of adoptively transferred CAR-T cells 
present in limited quantities of blood and other tissues will 
improve our understanding of the mechanisms associated with 
effective therapy and will be key to guiding future 
immunotherapeutic strategies.  
   
 Methods: The lentiviral CD19-specific CAR construct 
incorporates a non-functional truncated human epidermal growth 
factor receptor (tEGFR) that serves as a marker of transgene 
expression in the engineered and transferred T cells. By labeling 
PBMC with an anti-human EGFR antibody, cetuximab, CAR-T 
cells can be identified, counted and immunophenotyped by flow 
cytometry.   
   
 Results: Patients with ALL, NHL or CLL have been treated on the 
trial. We have developed multiplexed flow cytometric assays to 
immunophenotype adoptively transferred tEGFR+ CAR-T cells in 
blood, marrow and other tissues, and have determined the 
kinetics of in vivo expansion and persistence of transferred 
tEGFR+ CAR-T cells in the CD4+ and CD8+ T cell subsets. By 
incorporating extensive flow cytometry panels using the Sony 
Spectral Analyzer we are able to characterize transferred CAR-T 
cells in distinct memory T cell subsets and establish their 
activation and proliferation state, expression of chemokine 
receptors, and expression of regulatory and costimulatory 
molecules, using limited quantities of tissue. Distinct subsets of 
viable tEGFR+ CAR-T cells were flow sorted for gene expression 
and functional studies.  
   
 Conclusion: Adoptive immunotherapy with CD19 CAR-T cells of 
defined subset composition is a promising approach for patients 
with refractory B cell malignancies. The incorporation of tEGFR to 
identify transferred CAR-T cells and high resolution multiplexed 
immunophenotyping allows extensive ex vivo characterization of 
adoptively transferred CAR-T cells.  
COMPUTATION AND INFORMATICS (B57 – 
B59) 
188/B57 
Computational Inference of Developmental 
Chronology Using Flow Cytometry Data 
Leen De Baets1, Tom Dhaene1, Yvan Saeys2,3 
1Department of Information Technology, Univeristy of 
Ghent, Ghent, Belgium, 2VIB Inflammation Research 
Center, Data mining and Modeling for Biomedicine 
Group, Ghent University, Ghent, Belgium, 3Department of 
Respiratory Medicine, University Hospital Ghent, Ghent, 
Belgium 
In the bone marrow, stem cells mature into different precursor 
cells that further develop into different terminal cell types, and 
this developmental process is proceeding in a coordinated 
fashion.  Ideally, when all intermediate cell types would be 
known, it would be possible to write down the sequence a cell 
follows from the most immature to the most mature stage 
according to its developmental chronology, further referred to as 
a trajectory.  As there is still a lot of uncertainty about the 
developmental trajectories that cells follow, it would be 
interesting to construct such trajectories automatically using 
computational methods, thereby providing novel hypotheses 
about cell differentiation, and possibly revealing new 
intermediate cell stages. 
 
A recent computational trajectory detection algorithm is the 
Wanderlust algorithm [1]. Wanderlust is a graph-based, one-
dimensional trajectory detection algorithm that uses high-
dimensional cell data and a user-defined early cell as input. The 
most restrictive assumption of this algorithm is that all cells follow 
a linear differentiation pathway without any branching. 
In this work, we present TraCy (Trajectory inference from flow 
Cytometry data), a new computational method to identify 
trajectories from high-dimensional flow cytometry data, that 
overcomes the major limitation of the Wanderlust algorithm, and 
effectively allows for trajectories to branch into d different cell 
types.  This occurs e.g. in the lineage of hematopoietic stem cells, 
where the current view is a hierarchical one where early stem 
cells differentiate into various progenitor cells, and these again 
differentiate into multiple immune cell types. 
 
TraCy allows to find trajectories with multiple endpoints in raw 
cell data, thereby extending the Wanderlust algorithm, and 
making it much more applicable to real data where branching 
mostly occurs. As input, TraCy expects a number of user-defined 
mature cells (end states), one for each branch in a d-branched 
trajectory. These cells will be used to assign all other cells to one 
of the d trajectory branches.  TraCy will then reconstruct the 
developmental chronology, allowing to identify intermediate cell 
states. 
 
We used both synthetic as well as real data to evaluate our 
algorithm. Synthetic data was created by using Bezier curves 
representing an artificial branching structure in a three-
dimensional space. Noise was added by including seven 
additional dimensions randomly sampled from a Gaussian 
distribution. TraCy was shown to successfully reconstruct the 
three-branched trajectory, even in the presence of noise. In 
addition real flow cytometry data was used from hematopoietic 
stem cells differentiating into common myeloid and lymphoid 
progenitors. TraCy was able to detect this two-branched 
trajectory, thus offering great potential to extend trajectory 
modeling to d-branched trajectories.  
[1] Bendall, Sean C., et al. "Single-cell trajectory detection 
uncovers progression and regulatory coordination in human B 
cell development." Cell 157.3 (2014): 714-725. 
189/B58 
Differential Population Identification Using 
FlowSOM 
Sofie Van Gassen1, Tom Dhaene1, Yvan Saeys2,3 
165ISAC 2015 Program and Abstracts
C
ongress 
O
verview
 
 
Special 
Lectures 
 
Friday 
26 June 
  
Saturday 
27 June 
 
Sunday 
28 June 
 
M
onday 
29 June 
 
Tuesday 
30 June 
 
Poster 
Session 
 
C
om
m
ercial 
Tutorials &
 
Exhibits 
 
O
ral Session 
A
bstracts 
 
Poster Session 
A
bstracts 
 
Speaker/A
uthor 
Index 
1Department of Information Technology, Ghent 
University, Gent, Belgium, 2Inflammation Research 
Center, VIB, Gent, Belgium, 3Department of Respiratory 
Medicine, University Hospital Ghent, Ghent, Belgium 
Two-dimensional scatter plots, which are traditionally used in 
flow cytometry analysis, offer a very limited way to explore high-
dimensional datasets. New techniques such as SPADE and viSNE 
offer promising alternative visualizations, as they are able to show 
all cell populations and are thereby reducing the probability of 
missing interesting effects. However, these techniques suffer from 
some drawbacks, such as downsampling the original dataset to 
keep computations feasible, and the need to compare many plots 
when analyzing several markers.  This motivates research on new 
visualization methods that overcome these limitations. 
Here we describe a new version of FlowSOM, a visualization tool 
based on Self-Organizing Maps [1], that overcomes the 
limitations of SPADE and viSNE and is able to directly visualize 
differential populations between groups of samples in one plot.  
Opposed to SPADE and viSNE, FlowSOM computations are 
orders of magnitude faster, allowing to eliminate the 
downsampling step and thus to visualize the whole original 
sample.  In addition, FlowSOM makes use of star charts, which 
allows us to visualize multiple marker values in one plot, 
presenting a clear overview of all cell properties in one figure. 
The main feature of presenting cell populations in FlowSOM are 
nodes of star charts, and by adapting visual features of these 
nodes (e.g. size, background color, positioning) a lot of 
information can be conveyed in one plot, avoiding the need to 
scroll through many figures as is currently the case in SPADE and 
viSNE.  In our original paper, we applied two layouts to the 
FlowSOM nodes: the original SOM grid and a minimal spanning 
tree (such as used by SPADE). We now also include a t-SNE 
mapping of the nodes (such as used by viSNE). Using this 
mapping, clusters of nodes, which typically correspond with cell 
populations, can be distinguished more easily. 
The key novelty of the extended FlowSOM algorithm is its 
intuitive use to find differential populations across sets of samples, 
allowing to detect cell populations that are strongly increased or 
decreased in size.  Furthermore, we will also present a case study 
where novel changes in populations, such as shifts in marker 
intensities for specific subpopulations can be easily detected 
using FlowSOM.  We will show that such shifts would probably 
not have been detected using the traditional analysis, and thus 
could give rise to unexpected, new findings. 
[1] Van Gassen S et al. FlowSOM: Using self-organizing maps for 
visualization and interpretation of cytometry data. Cytometry A. 
DOI: 10.1002/cyto.a.22625 
190/B59 
Accelerating Cytometry Analysis via Cell Subset 
Automatic Labeling and Context Identification 
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Tatiana Dubovik1, Elina Starosvetsky1, Amit Ziv-
Kenet1, Ksenya Kveler1, Netta Aizenbud-Reshef1, Gali 
Shalev-Malul1, Yuri Gorelik1 
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Haifa, Israel, 2Rappaport Institute for Medical Research, 
haifa, Israel 
Background: Recent technological innovations in single cell 
technologies now allow us to quantify hundreds of thousands of 
single cells at high dimension from a sample. This yields 
phenotypically rich datasets that enable a more accurate 
identification of cellular sub-populations. Clustering and 
visualization methodologies have been developed to identify 
meaningful cell subsets in the data. However, none provide a 
systematic and automatic method for labeling the clusters using 
all of the markers that distinguish them from all others. That is− 
providing for each cluster a combination of markers levels that 
describes the cellular sub-population represented by this cluster. 
Instead, the identification of relevant cellular sub-populations 
through manual annotation remains standard practice, whereby a 
user needs to manually interpret and integrate the many separated 
plots of the different markers. This is made more difficult as single 
cells assigned to a cluster may not be a homogenous 
subpopulation in a particular dimension. The scalability and 
subjectivity inherent in this process slows both analysis and 
progress and prevents the exploitation of higher dimensionally 
measurements enabled by the new technologies such as mass 
cytometry (CyTOF) and single cell RNA-seq. 
 
Methods: To fill this gap, we developed CAL (Cyto- Auto 
Labeling). CAL takes clustering results as an input and converts 
them to discrete representation. Then, for each cluster CAL 
calculates the inter-cluster distributions of each marker. Based on 
these calculation it automatically identifies for each cluster the 
combination of markers values that best describe the cellular sub-
population represented by this cluster, as well as suggest 
removing non-homogenous clusters from consequent analyses. 
By using standardized terms, CAL allows to easily map cell 
measurements from a given experiment to literature derived 
information on those cells. 
  
 Results: We used CAL to automatically label intra-cellular 
cytokine experiments in which cells were measured by CyTOF 
and clustered by Citrus, a dedicated high dimensional cytometry 
clustering algorithm. Annotated cell subset were then 
automatically mapped and checked against published knowledge 
with regards to their ability to express or respond to a variety of 
cytokines. 
  
 Conclusions: Through automated annotation of cell subsets 
clusters and their subsequent cross-reference against the 
published literature, CAL enables accelerated discovery in high 
dimensional cytometry data. 
CYTOMETRY IN RESOURCE POOR SETTINGS 
(B60) 
191/B60 
Single-Step On-Chip Differential White Blood Cell 
Count 
Joost van Dalum, Xichen Zhang, Dorothee 
Wasserberg, Christian Breukers, Leon W.M.M. 
Terstappen, Markus Beck 
Medical Cell Biophysics, University of Twente, Enschede, 
Netherlands 
One of the most requested blood tests worldwide is the complete 
blood cell count, providing important clinical information to 
healthcare professionals. Currently, complete blood counts are 
performed using automated hematology analyzers in hospital 
laboratories, which are often not accessible in resource limited 
settings. To realize a simple, low-cost CD4 count we have 
demonstrated cell counting chambers with on-chip sample 
preparation, containing cell staining reagents for subsequent use 
in quantitative fluorescence imaging.[1] In this concept, the 
chamber is filled with a drop of finger prick blood by capillary 
force. Subsequent release of fluorescently labeled antibodies from 
a hydrogel ensures a homogeneous distribution of reagent in the 
chamber and hence, uniform cell staining. A simple large-area 
fluorescence imager using  LED excitation and automated image 
analysis was used to identify and count the cells. In order to 
extend this concept to a portable robust, easy-to-operate, versatile 
complete blood cell count platform, we made the first step by 
demonstrating the feasibility of an on-chip differential white 
blood cell count. 
  
The combined results of two counting chambers on one 
diagnostic chip are used to identify lymphocytes, NK cells, 
monocytes, neutrophils, eosinophils, and basophils. In the first 
chamber, lymphocytes and monocytes are counted in the image 
by the use of a combination of antiCD3-APC, antiCD20-APC and 
antiCD14-PerCP released from the hydrogel.  In the second 
chamber, neutrophils, NK cells, eosinophils and basophils are 
counted using antiCD15-APC antiCD193-APC antiIgE-APC and 
antiCD16-PerCP.  
Differential white blood cell counts obtained using this chip-
format are in good agreement with flow cytometry. For 
confirmation, whole blood was stained with the same reagents 
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